Parametric voxelwise analysis is a commonly used tool in neuroimaging, as it allows for identification of regions of effects in the absence of a strong a-priori regional hypothesis by comparing each voxel of the brain independently. Due to the inherent imprecision of single voxel measurements, spatial smoothing is performed to increase the signal-to-noise ratio of single-voxel estimates. In addition, smoothing compensates for imprecisions in anatomical registration, and allows for the use of cluster-based statistical thresholding. Smoothing has traditionally been applied in three dimensions, without taking the tissue types of surrounding voxels into account. This procedure may be suitable for subcortical structures, but is problematic for cortical regions for which grey matter often constitutes only a small proportion of the smoothed signal. New methods have been developed for cortical analysis in which voxels are sampled to a surface, and smoothing is restricted to neighbouring regions along the cortical grey matter in two dimensions. This procedure has recently been shown to decrease intersubject variability and bias of PET data. The aim of this study was to compare the variability, bias and test-retest reliability of volumetric and surface-based methods as they are applied in practice. Fifteen healthy young males were each measured twice using the dopamine D1 receptor radioligand [ 11 C]SCH-23390, and analyses were performed at the level of individual voxels and vertices within the cortex.
Introduction
PET neuroimaging traditionally makes use of regions of interest (ROIs) for statistical analysis, such as comparison of groups or conditions. When examining effects for which there is no strong a priori regional hypothesis, or when fine-grained regional heterogeneity of the effects is expected, exploratory spatial methods represent a useful approach. These methods involve calculation of the outcome parameter of interest for each voxel and transforming the resulting parametric image into a common set of spatial coordinates. In this way, comparisons can be made independently at each voxel of the new shared spatial coordinate system. This approach allows for the detection of effects which are not restricted to the anatomical boundaries of a ROI, and has been applied widely in neuroimaging (Friston, 2007) .
The benefits of exploratory parametric analysis also come with some inherent disadvantages. First, the noise in PET measurements at the level of single voxels is substantially greater than at the level of ROIs. For this reason, kinetic modelling of single-voxel time activity curves (TACs) can be prone to inaccurate parameter estimation. Second, due to the large number of voxels which are compared, more conservative alpha thresholds are required to exclude false positives at the voxel level (Brett et al., 2003) . Spatial smoothing is utilised to compensate for these issues. This is the process by which each voxel value is replaced by the average of itself and its surrounding voxels weighted according to their proximity to the voxel of interest as defined by the kernel width (i.e. the FWHM: full width at half maximum). Smoothing can be performed either prior to kinetic modelling or on the parameter estimates themselves. Provided that neighbouring voxels contain a similar signal to the voxel of interest, this procedure increases the signal-to-noise ratio of the resulting spatial parameter estimates. Smoothing also partially compensates for the issue of multiple comparisons, as it allows the use of Random Field Theory (RFT) to perform familywise error rate correction at the level of clusters rather than at the level of voxels (Brett et al., 2003) . Although the initial threshold must still be set conservatively (p ≤ 0.001) (Eklund et al., 2016; Woo et al., 2014) , cluster-based analysis yields greater power to detect changes of smaller magnitude using parametric statistics (Brett et al., 2003) .
Using the conventional approach of spatial (or volumetric) smoothing, the weighting of the spatial averaging is determined only by the proximity of nearby voxels to the target voxel and the FWHM. This entails that values from voxels belonging to white matter and cerebrospinal fluid will also be averaged into the smoothed estimates for grey matter (GM) voxels. This effect is therefore most pronounced along borders between tissue types, or in structures for which the surface-area-to-volume ratio is high, such as the cerebral cortex. More recently, surface-based methods have been developed in which voxels from the centre of the cortical ribbon are first sampled to vertices of a two-dimensional cortical surface. Subsequently these vertex values are smoothed using distance-weighted averaging, with distances calculated geodetically along the cortical surface (Andrade et al., 2001; Greve et al., 2014) . In this way, the blurring effects of neighbouring non-GM tissue can be prevented. This approach also prevents the averaging of GM voxels which are close together in Euclidean (volumetric) space, but far away from one another along the cortical surface, which occurs in volumetric smoothing (e.g. two points on opposite sides of a sulcus).
The performance of surface-based methods for parametric PET has recently been evaluated. Greve et al. (2014), using [ 11 C]SB207145 and an HRRT PET system, showed that surface-based methods greatly reduced intersubject variance and bias. Furthermore, volumetric smoothing prior to quantification was found to affect parameter estimation both of receptor availability (BP ND ) and rate constants (k2') using Ichise's Multilinear Reference Tissue Models MRTM and MRTM2 (Ichise et al., 2003) .
In the present study, we aimed to evaluate and compare the performance of volumetric and surface-based registration and smoothing methods for parametric PET analysis, using the D1 radioligand [ 11 C]SCH-23390. First we examine the generalisability of the findings of Greve et al. (2014) using a lower resolution PET system. Secondly, we performed repeat PET examinations on the same day in order to compare the test-retest reliability of volumetric and surface-based methods. The performance of surface-based methods was assessed using sampling and smoothing both of dynamic (i.e. frame radioactivity concentrations) and parametric (i.e. BP ND ) images; as well as with and without surface-based interhemispheric averaging (Greve et al., 2013) . For reference, we contrast the results of these methods with a more traditional ROI analysis. For the purpose of informing practical application, we strived to compare these methods as they are commonly performed in practice (i.e. maintaining ecological validity).
Methods

Participants
Sixteen healthy males were recruited and underwent an examination of medical history, physical examination, MRI, blood and urine chemistry test, psychiatric screening based on the M.I.N.I. interview, Becks Anxiety Inventory, the Montgomery-Åsberg Depression Rating Scale, and the Alcohol Use Disorders Identification Test. Based on these assessments, participants were judged to be healthy with no history of significant psychiatric or somatic illness. One subject was excluded from the analysis due to incorrect placement in the gantry resulting in only a small portion of his cerebellum being visible in one of the images. Included participants were aged between 21.8 and 35.0 years (mean: 26.3, SD: 3.7 years). The study was approved by the Regional Ethics Committee in Stockholm region and the Radiation Safety Committee of the Karolinska Hospital, and all subjects provided written informed consent prior to their participation.
MRI procedures
T1-and T2-weighted MRI images were acquired for all participants using a 1.5T Siemens Magnetom Avanto system (Erlangen, Germany). T1-weighted images were 3D MPRAGE scans with TE=3.53 ms, TR=1790 ms, TI=1100 ms, bandwidth=130 Hz/px, flip angle=9°, and voxel size 1 mm 3 isometric. T2-weighted images were examined for structural pathology as a criterion for subject inclusion. The T1-weighted images were used for all further processing procedures. MR acquisitions were performed up to 96 days before the PET measurement (median: 9 days).
Radiosynthesis and PET experimental procedure
Plaster helmets were made for each subject in order to minimise head movement during PET acquisition. All PET measurements were conducted using an ECAT Exact HR 47 system (CTI/Siemens, Knoxville, TN) run in 3D mode. Spatial resolution ranges from 3.6 mm full width half maximum (FWHM) at the centre of the field to 4.5 mm tangentially and 7.4 mm radially at 20 cm from the centre. Transmission scans were performed prior to each PET measurement using three rotating 68 Ge rods in order to correct for signal attenuation.
The transmission period was 10 min. (Halldin et al., 1986) and injected into the antecubital vein as a rapid bolus. Injected radioactivity ranged between 248 and 417 MBq (mean: 335.0, SD: 45.95 MBq). Injected radioactivity per kilogram ranged between 3.16 and 4.79 MBq/kg (mean: 4.37, SD: 0.31 MBq/kg). Injected mass ranged between 0.09 and 0.65 μg (mean: 0.22, SD: 0.12 μg, n=29). Data were then acquired for 51 min in a consecutive series of thirteen time frames of durations 3×60 s, 4×180 s and 6×360 s. Following correction for attenuation, random and scattered events, images were reconstructed using filtered back projection, with a Hann filter of 2 mm cut off frequency. The reconstructed volume was displayed as 47 horizontal sections with a voxel size of 2.02 mm×2.02 mm×3.125 mm. All participants were examined twice in the same day with the same PET protocol.
Image preprocessing and quantification
PET frames were corrected for head motion using a post-reconstruction frame-by-frame realignment algorithm in which all frames were individually realigned to the first minute of acquisition (Schain et al., 2012) . Realignment procedures were performed using SPM5 (Wellcome Department of Cognitive Neurology, University College London). MR images were reoriented into the AC-PC plane, and coregistered to PET images using SPM5.
Parametric quantification of BP ND was performed using the 3D stationary wavelet-transform aided parametric imaging (WAPI) employing the non-invasive Logan plot fitted with a multilinear regression (Cselényi et al., 2002 (Cselényi et al., , 2006 Turkheimer et al., 2003) with t*=18 min, corresponding to 6 points.
where C T and C R represent the concentration of radioactivity in the target and reference tissues respectively at time t, DVR is the distribution volume ratio, k2' is the efflux rate constant from the reference region (here set to 0.1), b is the second fitted beta coefficient of the regression (not used), and BP DVR = −1
ND
. The reference region was G.J. Matheson et al. NeuroImage 155 (2017) 344-353 cerebellar cortex grey matter (delineation described below). Parametric quantification of BP ND for surface vertices was performed using the same multilinear regression procedure but without the wavelet denoising and after the TACs had been sampled to the cortical surface. BP ND quantification was performed in the native PET space, with regions of interest resliced from MR into PET space. PET images were resampled into the space of the MR image using the inverse of the coregistration matrix from SPM.
Study design
In the present study we i) compared volumetric and surface-based registration and smoothing methods in their dispersion (i.e. BP ND values and their intersubject variability) and reliability for the cortex using [ 11 C]SCH-23390; ii) compared surface-based methods for registration and smoothing of dynamic and parametric (BP ND assessed using WAPI) PET images; iii) compared lateral with bilateral (i.e. following surface-based interhemispheric averaging) quantification; and iv) contrasted these parametric methods with a classical ROIbased approach (Fig. 1 ).
Volumetric normalisation and smoothing
Parametric BP ND images were first resliced into the space of the MR measurement using the inverse of their coregistration matrix. Using FSL 5.0.7 (Jenkinson et al., 2012) within NeuroDebian (Halchenko and Hanke, 2012) , MR images were pre-masked and skull-stripped with BET (Smith, 2002) . MR images were then registered to MNI space (MNI152, 2 mm voxels) by first applying an affine transformation using FLIRT (Jenkinson et al., 2002) using the skull-stripped image (registering to the skull-stripped template), followed by a non-linear registration of the original unstripped image to MNI space using FNIRT (Andersson et al., 2007 ). The warp parameters were then applied to the PET images in MR space to register them to MNI space, and they were subsequently smoothed using a 3-dimensional Gaussian smoothing using three different kernel widths (FWHM=5 mm, 8 mm and 12 mm).
Surface-based normalisation and smoothing
All MR images were processed using FreeSurfer (5.0.0, http:// surfer.nmr.mgh.harvard.edu/) Fischl and Dale, 2000; using the default recon-all steps. Each FreeSurfer output was inspected visually and edits were made to improve surface formation using FreeView. All edits were to the brainmask, the wm, or addition of control points. The majority of edits were made to correct skull stripping for regions where the surface incorrectly included the dura. Surfaces were regenerated following edits. Parametric BP ND and dynamic 4-D PET images were registered to the native space of the MR using boundary-based registration with FSL FLIRT initiation (Greve and Fischl, 2009) , and all registrations were checked for accuracy with visual inspection and by checking the registration cost values. Using this registration, PET values were sampled to the cortical surface from half way between the white matter and the pial surfaces (i.e. the middle of the cortex) to create BP ND or TAC vertices. These vertices were registered to the fs_average template and smoothed with a 2-dimensional Gaussian smoothing using two different kernel widths (FWHM=8 mm, 12 mm).
In the absence of a hypothesis of lateral differences, it is common practice in PET ROI analysis to make use of bilateral ROIs in order to increase the signal-to-noise ratio of TACs and diminish the number of comparisons. The FreeSurfer tool Xhemi (Greve et al., 2013) aligns cortical folding patterns across hemispheres, allowing for accurate comparison, or in this case combination through interhemispheric averaging, at the level of individual vertices. We therefore tested whether this approach could increase the reliability of vertex-wise BP ND estimates. Each individual's left hemisphere was registered to their right hemisphere using Xhemi. PET values were sampled to the surface as above, and vertices were registered to the fs_average_sym template before smoothing.
Region of interest delineation
The cerebellar grey matter mask was defined using the maximum probability FSL MNIfnirt atlas segmentation with 25% probability threshold (Diedrichsen et al., 2009) , from which a mask was defined containing cerebellar regions VI, Crus I and Crus II (indices [5, 7, 8, 10 , Fig. 1 . Schematic depicting the different processing steps for normalisation and smoothing. The orange boxes represent modelling steps, where the kinetic model is applied to radioactivity concentrations to produce BP ND values. The green boxes represent sampling steps, in which BP ND or radioactivity concentration values are assigned to positions or categories which are comparable across participants, i.e. regions of interest or voxels/vertices in a standardised space. Purple boxes represent averaging steps, in which BP ND or radioactivity concentration are averaged with other nearby values to produce smoothed estimates or total region of interest values. The dashed blue box representing interhemispheric averaging is presented to show that the analysis is performed both with and without interhemispheric averaging. G.J. Matheson et al. NeuroImage 155 (2017) 344-353 11, 13]). This mask was then registered to the space of each individual's MR using the inverse FNIRT warp parameters. Additionally, the vermis from the same atlas, the cortex (from the Harvard-Oxford Cortical atlas, 25% threshold) and a brainmask (FSL brainmask) were also registered to the space of each individual's MR image. The cerebellar cortex ROI was trimmed using these additional ROI's as follows: 8 mm from the cortex, 8 mm from the vermis and 4 mm from the edge of the brain mask. Next, voxels belonging to the two most inferior planes of the PET image were excluded from the ROI. The resulting ROI was multiplied by the FreeSurfer grey matter segmentation mask to obtain a ROI consisting of only grey matter voxels, and which avoided the cortex, vermis, CSF and bottom of the PET image by a safe margin. For the delineation of the cortex for the volumetric methods analysis, we used the FSL 2 mm maximum probability Harvard Cortical atlas, thresholded at 25%. The final region consisted of 131 074 voxels. For surface-based methods, we used the FreeSurfer Desikan-Killiany parcellation for the fs_average and fs_average_sym templates. The final region consisted of 299 879 vertices (fs_average) and 146 938 vertices (fs_average_sym). For the analysis of the performance using regions of interest within the cortex, we used the same FreeSurfer parcellation, converted back to the volume of the original PET image. Radioactivity concentrations were averaged within each ROI for each frame, and BP ND values were estimated using the same kinetic model.
Statistical analysis
All analyses were performed using R (version 3.3.2, Sincere Pumpkin Patch). All metrics were calculated for each cortical voxel (for volumes) and each vertex (for surfaces). Colours for scatter plots are calculated by a 2-dimensional kernel density estimation. Methods were statistically compared using Mann-Whitney U Tests since normality could not be assumed for the outcome distributions. All reported comparisons were significant at p < 0.001 to adjust for multiple comparisons. Due to the lack of normality, medians rather than means are presented as measures of central tendency. The metrics were calculated as follows:
Dispersion metrics
These measures assess the outcome binding estimates (in this case BP ND ) and their spread around the mean. They are all calculated between individuals independently for each voxel and ROI. In each case, values from both PET measurements are used from each individual (i.e. n=30).
Coefficient of variation (COV):
where σ represents the standard deviation, and μ represents the mean binding potential. The coefficient of variation is the inverse of Cohen's D. For this reason, a reduction of the COV results in greater power to detect an effect of a given proportional magnitude of mean difference. Coefficient of variation only makes sense for scales with an absolute 0, of which BP ND is a good example, since negative values do not make sense. As such, when the mean BP ND was less than 0 in a voxel or vertex, the BP ND was instead set to zero.
Bias: The APD is a measure of the average absolute reliability of a measurement as a percentage of the average BP ND value. PET1 refers to the first PET measurement, and PET2 refers to the second PET measurement.
Intraclass Correlation Coefficient (ICC):
where MS B represents the between subjects mean sum of squares, MS W represents the within subject mean sum of squares, and k represents the number of observations (in this case 2). The ICC is a measure of the reliability in that it estimates the proportion of variance in a set of scores which is attributable to "true" score variance. In practice, it is an index of the ability of a measure to differentiate between individuals.
Interpretation of ICC values were originally defined by Fleiss (1986) as follows: below 0.4 is poor, above 0.75 is good and between these two is fair. This scoring has come under some criticism, as measurement error (using the SEM -see below) can be greater than half of the true population standard deviation and still be considered excellent (Baker, 2013 
The SEM is related to the ICC, however it provides an estimate of the precision of individual scores in the same units as the units of measurement (i.e. BP ND ) (Weir, 2005) . It can be thought of as an estimate of the standard error of each measurement around the estimated BP ND value. SD is calculated over all PET measurements (i.e. both measurements from each individual).
Minimum Detectable Difference (MD)
The MD is related to the SEM above, and is an approximation of the size of a difference from one measurement to another measurement which could be considered sufficiently large to reflect a "real" change (according to a 95% confidence interval), based on the precision of the measurements (Weir, 2005) . This is calculated as a percentage of the mean measured value (i.e. BP ND ) and provides a useful metric by which to assess the sensitivity of a measure as a function of its value. In order not to get negative values for voxels/vertices with a negative mean BP ND , BP ND was replaced with 0 for those cases.
Comparisons between surface and volumetric methods: selection of kernel sizes
For clarity, we report the primary comparisons of volumetric and surface-based methods using only one smoothing kernel size for each method. For volumetric smoothing we used 8 mm, which is the commonly used SPM default, and which approximately corresponds to the rule-of-thumb recommendation of three times the voxel size (Wager and Lindquist, 2015) . Since surface smoothing is a Gaussian smoothing in two dimensions rather than three, kernels applied with this method are not directly comparable to their numerically-corresponding volumetric smoothing kernels. Assuming a single-voxel thick surface, a 12 mm FWHM surface-based smoothing is roughly equivalent to a volumetric smoothing kernel of 7.3 mm FWHM for the number of voxels falling within the confines of the FWHM. Hence, for surface-based smoothing we chose a 12 mm kernel. All comparisons made will present the surface-based followed by the volumetric medians. Median values for all kernels are presented in Tables 1, 2 and 4.
Results
Surface vs volumetric methods: cortical dispersion metrics
We compared voxel-wise and vertex-wise estimates of binding and dispersion in the cortex using surface-based, and volumetric registration and smoothing. All metrics were calculated independently for each voxel or vertex. Median values for BP ND , standard deviation (SD), coefficient of variation (COV), and bias are displayed in Table 1 . Prior to smoothing, cortical BP ND values were higher for surface-based registration than for volume-based registration following surface sampling and volumetric masking respectively (medians: 0.352 and 0.323). Volumetric smoothing caused reductions in BP ND values (Fig. 2 and Supplementary Material S2), with greater reductions for larger smoothing kernels. In contrast, surface smoothing did not significantly alter BP ND values. Consequently the difference in BP ND values between surface-based and volumetric methods following smoothing was more pronounced (0.337 and 0.271). SD values did not differ between surface-based and volumetric sampling techniques before smoothing (0.157 and 0.155). Smoothing caused reductions in SD values with both methods, with greater reductions for greater degrees of smoothing. Following smoothing, surface-based methods had lower SD values than volumetric methods (0.087 and 0.100).
COV values were lower for surface-based registration than for volumetric registration prior to smoothing (0.452 and 0.474).
Smoothing caused a reduction in COV values, with greater reductions for larger smoothing kernels with both methods (Fig. 2) . Following smoothing, COV values were 0.255 for surface-based methods, and 0.359 for volumetric methods. Smoothing caused an overall negative bias in the distribution of BP ND values. Using volumetric methods, this bias was greater for larger smoothing kernels, however this effect was not observed for the surface-based methods. Following smoothing, surface-based methods exhibited less bias than volumetric methods (−2.9% and −14.3%).
Surface vs volumetric methods: cortical test-retest metrics
Next, we compared the test-retest reliability of binding estimates in the cortex. All metrics were calculated independently for each voxel or vertex. Surface-based methods yielded lower APD values within the cortex than volumetric methods (22.5% and 32.6%), indicating that surface-based methods generated more reliable parametric BP ND estimates in their respective standard coordinate systems. Standard Error of Measurement (SEM) and Minimal Detectable Difference (MD) values were also both decreased by smoothing in a dose-dependent manner, and were lower for surface-based methods than for volumetric methods (SEM: 0.064 and 0.067, MD: 54.5% and 70.8%). Contrary to the other metrics, ICC values were higher following volumetric smoothing than for surface-based smoothing in the cortex (0.434 and 0.520) (Fig. 3) . Median values for all kernels are displayed in Table 2 .
Surface vs volumetric methods: cortical test-retest metric interrelationships
Since ICC values, in contrast to the other metrics, showed an advantage for the volumetric approaches, this outcome measure was investigated further. Voxel-wise and vertex-wise ICC estimates were compared to the estimates of APD, bias and BP ND values for the same voxels/vertices (Fig. 4, Table 3 ). For volumetric methods, there were a large number of voxels with high ICC values ( > 0.75) which also showed high APD values ( > 90%) indicating poor reliability. These comprised 8.7% of all cortical voxels, and 44.1% of cortical voxels with G.J. Matheson et al. NeuroImage 155 (2017) G.J. Matheson et al. NeuroImage 155 (2017) 344-353 voxels with ICC >0.75. In contrast to volumetric methods, surfacebased methods showed a negative relationship between the ICC and APD, which was expected as these are both measures of test-retest performance. Furthermore, there was little to no relationship of ICC values with bias and BP ND values. In order to ascertain whether the contradictory relationships observed for volumetric methods between ICC values and APD, bias and BP ND values were a general property of volumetric registration and smoothing, or whether they were specific to the cortex, we made the same comparisons using the voxels of the striatum. These patterns of results observed for cortical voxels were not observed in voxels of the striatum to a similar extent (Supplementary Materials S1).
Surface-based interhemispheric averaging
We compared the performance of surface-based techniques for dispersion and test-retest metrics with and without surface-based interhemispheric averaging of vertices using Xhemi (Greve et al., 2013) . This means that vertices from the same position in the left and right hemispheres are averaged together, and the number of vertices is halved at the cost of lateral identifiability. Using Xhemi, BP ND values were significantly increased (4.6%). Improvements were observed for measures of dispersion (SD: 17% decrease, COV: 19% decrease) as well as reliability (APD: 23% decrease, ICC: 13% increase, SEM: 21% decrease, MD: 25% decrease) compared to without performing interhemispheric averaging (all comparisons for 12 mm FWHM). Median values for all kernels are displayed in Table 4 , and comparisons are shown in Supplementary Materials S2.
Surface-based registration and smoothing of dynamic vs parametric PET
We compared the performance of surface-based techniques when sampling and smoothing was performed on the parametric BP ND images generated using WAPI, and when sampling and smoothing was performed on the dynamic images, with kinetic modelling performed afterwards. The dynamic approach showed increased BP ND and decreased SD compared to the parametric approach, while the parametric approach showed increased ICC, and decreased APD, ICC, SEM and MD. However, all of these differences were small to negligible. In contrast to the above comparisons using a 12 mm smoothing kernel, when using an 8 mm kernel the parametric approach showed an advantage, and of greater magnitude, for all metrics (Supplementary Materials S3).
Comparison to ROI-based analysis
We contrasted the parametric methods to a traditional ROI analysis, in which cortical regions were obtained from FreeSurfer, applied to the original dynamic PET image, and ROI time activity curves were extracted and modelled. The parametric methods showed inferior performance for SD, COV, and all measures of test-retest properties (Figs. 2-3; Table 5 ; Supplementary Materials S2). In order to confirm that this effect was not due to the influence of the WAPI procedure, we compared the outcomes for the ROI analysis above, with an alternative ROI analysis using averaged voxelwise WAPI BP ND estimates from within each ROI. With both procedures, the results were broadly consistent (Supplementary Materials S4).
Discussion
In the present study we compared volumetric and surface-based registration and smoothing methods on a range of outcome measures. Surface-based methods produced higher BP ND values, lower coefficient of variation and less bias. We thereby replicate the results of Greve et al. (2014) using a different radiotracer and a different PET system. In addition, we assessed the test-retest reliability of parametric BP ND estimates using repeated PET examinations. We observed better reliability (APD), smaller measurement error (SEM), and the ability to reliably detect proportionally smaller differences (MD) using surface-based methods compared to volumetric smoothing.
In contrast to all the other metrics evaluated, ICC values appeared to indicate an advantage for volumetric approaches. When this was explored further, it was observed that many of the voxels with high ICC values also had very low BP ND values, low reliability (APD), and high bias. This pattern was not observed for the surface-based approaches. Hence, the increased differentiability indicated by the high ICC values may largely occur as an artefact of volumetric normalisation and smoothing. In other words, the results of this analysis suggest that volumetric methods produce not just stochastic bias, but also systematic bias between individuals.
The differences in the performance between these methods can be explained by two main factors. First, the effect of the different voxel sampling procedures was evident from the observation that surfacebased methods yielded higher BP ND and lower COV value distributions prior to smoothing (Fig. 2) , despite being sampled from the same original population of BP ND values (in the WAPI analyses) (Fig. 1) . In surface-sampling, values (BP ND for parametric methods or radioactivity concentrations for dynamic methods) are sampled from the centre of the cortical ribbon (i.e. halfway between the white matter and pial surface) from individual MR space following the FreeSurfer segmentation procedure. While this means that some voxels are discarded, the G.J. Matheson et al. NeuroImage 155 (2017) 344-353 resolution of PET in even the highest resolution systems is insufficient to detect laminar differences in the cortex: rather the selected voxels are those which are least affected by partial volume effects (Greve et al., 2014) . Using volumetric procedures, cortical voxels are sampled from a probabilistic mask in MNI space following normalisation. Even the best volumetric registration techniques show ROI label overlap of less than 0.7, which can drop to as low as 0.5 depending on the MR data set (Klein et al., 2009 ). This procedure is therefore highly error-prone. Secondly, the effect of different smoothing procedures is evident from the large decreases in BP ND and increases in bias following smoothing for volumetric methods, and the comparably small changes for surfacebased methods. Following sampling of relevant voxels, surface smoothing averages only those voxels which are already selected as belonging to the cortex. Importantly, volumetric methods use all nearby voxels based solely on proximity, which leads to inclusion of signal from non-GM tissue. Volumetric smoothing thereby partially corrects for lack of anatomical overlap, but in so doing, introduces further noise originating from non-GM structures in addition to that already included as a result of the imprecise voxel sampling. The WAPI procedure has previously been shown to exhibit superior performance compared to several other parametric quantification approaches (Cselényi et al., 2002 (Cselényi et al., , 2006 . Surface-smoothing of dynamic PET images, however, is simpler and substantially less computationally expensive. Here, the parametric (WAPI) and dynamic approaches showed generally comparable performance to one another. Using an 8 mm smoothing kernel however, the parametric approach outperformed the dynamic approach in all metrics, and by a larger degree. This suggests an interaction effect between the degree of smoothing and the performance of the two approaches. In other words, surface-based smoothing of dynamic PET images exhibits comparable performance to the more complex WAPI procedure, provided that the degree of smoothing is sufficient.
We found additional improvements in measures of dispersion and of test-retest properties when performing surface-based interhemispheric averaging using Xhemi (Greve et al., 2013) . Interhemispheric averaging is common practice in PET ROI analyses in order to increase the signal-to-noise ratio and minimise the problem of multiple comparisons, when there are no hypothesised lateral differences. Applying this at the parametric level, however, is highly error-prone due to the problem of voxel selection following registration as discussed above. Using surface vertices, this procedure can be performed in a robust manner, since the values belonging to the cortex are already specifically sampled, and their averaging with their corresponding vertices in the other hemisphere is facilitated using Xhemi which allows for alignment of folding patterns between the two hemispheres (Greve et al., 2013) . This is especially important for parametric analysis, as the sides of the cortex are likely to be most affected by small subject movements when performing reconstruction. These results suggest that, in the absence of a lateralised hypothesis, interhemispheric averaging is recommended to allow for improved quantification while preserving the ability to identify effects in small regions.
This study was conducted using the ECAT HR PET system, whose point spread function is larger than that of the HRRT used by Greve et al. (2014) . It has been estimated that this difference in PSF produces~30% higher BP ND values in cortical regions using the HRRT PET camera (Schain et al., 2012) . The consistency of our results with those of Greve et al. (2014) suggests that the improved reliability and statistical sensitivity of surface-based methods for cortical regions are generalisable across PET systems of different resolution. In the present study, we also used a different radiotracer, [
11 C]SCH-23390
which, compared to [ 11 C]SB207145, shows a different anatomical distribution of binding. However, both radioligands have generally low cortical uptake, which may be argued to accentuate the separation between the performance of surface-based and volumetric methods. This low mean BP ND in cortical regions is reflected in the generally low ICC values for all methods presented in Fig. 3 . In the striatum where binding potential is higher than in the cortex, the ROI analysis showed better test-retest performance than for cortical ROIs. While volumetric methods also perform well in the striatum, a comparison cannot be made with surface-based methods as the latter are only applicable in the cortex. Instead, studies using radioligands with higher cortical signal are warranted to further evaluate surface-based methods for parametric PET analysis of cortical regions. Our results suggest that when performing parametric analysis in clinical studies, a sample of approximately half the size would be required to find effects of a given magnitude when using surface-based methods as opposed to volumetric methods based on the lower COV (Supplementary Materials S5) . This is especially important given the low median power of studies in neuroscience (~21%), and in neuroimaging in particular (~9%) (Button et al., 2013) . We additionally find that when using volumetric methods, many of the voxels which strongly differentiate individuals (i.e. have high ICC values), also have negative BP ND values, low reliability, and high bias. This pattern of results indicates that the inter-individual differentiation in these voxels is largely an artefact of the volumetric registration and smoothing procedures. Such effects could lead to false positives in applied studies as these voxels may, by chance, differentiate between conditions or between groups in a spatially contiguous pattern.
Importantly, when contrasting our results to the ROI analysis, parametric approaches are disadvantageous in terms of reliability and sensitivity, confirming that ROIs should be used when there is a regional hypothesis. Furthermore, parametric statistical analysis, due to its orders of magnitude more comparisons, requires a much stricter threshold for statistical significance (Eklund et al., 2016) , thus reducing statistical power.
Another method by which to examine small, regionally-specific effects might be to make use of a more detailed ROI atlas such as the FreeSurfer Destrieux Atlas (154 cortical regions) (Destrieux et al., 2010) , the Human Brainnetome Atlas (210 cortical regions) (Fan et al., 2016) , or the multi-modal parcellation (360 cortical regions) (Glasser et al., 2016) . This approach would still be subject to appropriate type I error control, however the number of comparisons would be substantially smaller compared to parametric approaches. The use of multiple small ROIs may allow for a good compromise between reliability, statistical sensitivity and regional specificity: this should be evaluated in future studies.
Conclusions
We have shown that, for parametric analysis of cortical regions, surface-based registration and smoothing methods exhibit better performance than volumetric methods both in measures of dispersion and in measures of test-retest reliability. We therefore advocate for the use of surface-based methods for exploratory statistical parametric analysis of cortical regions when the use of ROIs is not appropriate.
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